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Abstract: Environmental barrier coatings (EBCs) are an enabling technology for silicon carbide 

(SiC)-based ceramic matrix composites (CMCs) in extreme environments such as gas turbine en-

gines. However, the development of new coating systems is hindered by the large design space and 

difficulty in predicting the properties for these materials. Density Functional Theory (DFT) has suc-

cessfully been used to model and predict some thermodynamic and thermo-mechanical properties 

of high-temperature ceramics for EBCs, although these calculations are challenging due to their high 

computational costs. In this work, we use machine learning to train a deep neural network potential 

(DNP) for Y2Si2O7, which is then applied to calculate the thermodynamic and thermo-mechanical 

properties at near-DFT accuracy much faster and using less computational resources than DFT. We 

use this DNP to predict the phonon-based thermodynamic properties of Y2Si2O7 with good agree-

ment to DFT and experiments. We also utilize the DNP to calculate the anisotropic, lattice direction-

dependent coefficients of thermal expansion (CTEs) for Y2Si2O7. Molecular dynamics trajectories 

using the DNP correctly demonstrate the accurate prediction of the anisotropy of the CTE in good 

agreement with the diffraction experiments. In the future, this DNP could be applied to accelerate 

additional property calculations for Y2Si2O7 compared to DFT or experiments. 

Keywords: environmental barrier coatings; thermodynamics; density functional theory; molecular 

dynamics; machine learning 

 

1. Introduction 

Silicon carbide (SiC)-based ceramic matrix composites (CMCs) hold strong promise 

for gas turbines in both aerospace and power generation applications, as they have higher 

temperature capability and lower density than currently prevalent nickel-based superal-

loys. However, SiC-based CMCs are prone to degradation from oxygen and water vapor 

at high temperatures via the formation of a silica thermally grown oxide scale and subse-

quently volatile Si(OH)4, which leads to the recession of the component [1,2]. As such, 

environmental barrier coatings (EBCs) are necessary for CMC engine components, as they 

can match the high temperature capabilities and mitigate water vapor-induced corrosion. 

Silicate materials, including materials such as mullite and the rare-earth disilicates 

(RE2Si2O7), are currently the most highly regarded EBCs due to their good chemical re-

sistance to oxidation and thermal expansion match with the underlying substrate. Yttrium 

disilicate (Y2Si2O7) is especially highly regarded as it has a similar bulk coefficient of ther-

mal expansion (CTE) as the SiC-based CMCs (~4.5–5 × 10−6 K−1), which prevents cracking 

and subsequent spallation due to thermal cycling under engine operating conditions. 
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However, Y2Si2O7 EBCs are subject to several failure mechanisms such as water vapor-

induced volatility, mechanical erosion/foreign object damage, and thermochemical deg-

radation due to reactions with calcia–magnesia–alumina–silicates (CMAS) ingested by the 

engine. Phase transitions in the Y2Si2O7 crystal structure also occur over the range of en-

gine operating temperatures, increasing the likelihood of mechanical failures due to vol-

umetric changes [3]. 

To effectively design new EBC materials, the thermodynamic and thermomechanical 

properties of candidate EBCs must be well understood. To this end, approaches including 

empirical modeling and theoretical modeling such as Density Functional Theory (DFT) 

have been shown to have predictive capabilities for candidate EBC materials and proper-

ties of interest [4–9]. While informative, both modeling approaches have limitations. Em-

pirical models generally describe trends well but can have limited quantitative accuracy 

or fail to describe edge cases appropriately [10–12]. DFT, on the other hand, can have a 

large computational cost due to the vast chemical space of possible EBCs and the range of 

length scales needed to calculate properties of interest. This is especially true with the 

recent focus on so-called “high-entropy” ceramics, which can utilize five or more unique 

cations within the silicate structure [13,14]. 

CTE is an essential design parameter for EBC development to effectively reduce ther-

momechanical stresses upon heating and cooling in an engine cycle. Several studies have 

demonstrated that the mean CTE in Si–O bonds in silicate minerals is ~0.0 K−1, indicating 

that the primary expansion occurs in the RE—O bonds in RE silicates [11,15–22]. Hazen 

and Prewitt developed an empirical model for the expansion of metal–oxygen bonds valid 

for oxides and silicates [10]. However, this model utilizes the Pauling bond strength, z/p, 

where z is the cation charge and p is the cation coordination number, as the predictor of 

thermal expansion, α, and does not account for the cation ionic radius. Yttrium disilicate 

can have several phase transformations as a function of temperature: α-Y2Si2O7 (space 

group P1), β-Y2Si2O7 (space group C2/m), γ-Y2Si2O7 (P21/c), and δ-Y2Si2O7 (Pna21). The α-

phase contains four unique cation crystallographic sites: three with a coordination num-

ber of 8 and one with a coordination number of 6. The β- and γ-phases each contain one 

unique cation crystallographic site with a coordination of 6, while the δ-phase contains 

two unique cation sites each with a coordination of 7. Therefore, the Hazen and Prewitt 

model is unable to predict variations in the CTE between the β- and γ-phases. Similarly, 

the Hazen and Prewitt model would be unable to predict variations in the CTE between 

systems with different cations with the same coordination number. 

Alternatively, a support vector regressor model using radial basis functions (SVRRBF) 

was developed by Ayyasamy and coworkers [4]. This model was trained on DFT data to 

predict the CTE of rare-earth disilicates (RE2Si2O7). It was successful at predicting CTEs 

for materials that are not available from experimental data, including Sm2Si2O7. Their 

model was not trained to predict the anisotropy of the CTE, only the apparent bulk CTE 

(ABCTE). Additionally, models such as this are generally limited to the prediction of one 

quantity for one class of materials. 

Thermal properties can be calculated using the harmonic approximation to calculate 

the phonon vibrational modes. These phonon vibrational modes can be used to calculate 

thermal properties extrapolated to finite temperatures using the quasi-harmonic approx-

imation. Such calculations can be crucial for determining the properties of RE disilicates, 

as thermal properties have been shown to be primarily driven by crystal structure bond-

ing rather than RE cation species [11,23,24]. These calculations are computationally expen-

sive and generally give the CTE on a volume basis rather than per lattice direction. How-

ever, it is important to determine the CTE anisotropy (i.e., on a per-lattice direction basis) 

for coating design, so alternative methods are required. These values can be calculated 

from molecular dynamics simulations at the desired temperature. 

Classical atomistic simulations and even machine learning approaches are possible 

alternatives to expand the capabilities of theoretical simulations for EBC design [4,25]. 

Atomistic molecular dynamics simulations require fewer computational resources than 
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DFT on a per-atom basis and are capable of being used to compute a variety of interesting 

and useful chemical properties. However, to our knowledge, there are no suitable atom-

istic potentials for rare-earth disilicates. As such, in this work, we use a machine learning 

deep neural network approach to build an atomistic potential for classical molecular dy-

namics simulations of Y2Si2O7. 

To reduce the computational cost of the DFT calculations, significant recent efforts to 

develop machine learning models to accelerate structure and property calculations have 

been reported. Several excellent review articles of machine learning approaches for mate-

rials have been published in recent years [25–32]. Multiple machine learning approaches 

have been implemented to calculate the material properties from a variety of descriptor 

feature vectors as inputs. Supervised learning regression models are particularly popular 

to calculate a single property for a wide chemical space of materials, such as SchnetPack 

[33], MEGNET [34], and CGCNN [35]. Another approach is to use machine learning to fit 

a (deep) neural network potential (DNP) for atomistic simulations, which enables the cal-

culation of a variety of properties usually for a single material depending on the type of 

MD simulation. Several software packages to develop DNPs exist, including amp [36], 

ænet [37], ANI [38], M3GNet [39], ALIGNN [40], and DeePMD [41], among others. These 

packages generally deviate in their descriptor representation of the chemical system. For 

crystal lattices, popular representations include atom-centered symmetry functions 

(ACSFs) [42,43], smooth overlap of atomic positions (SOAPs) [44], and graph-based fea-

ture representations [35]. An extensive review of chemical representations for machine 

learning was recently published [45]. 

These machine learning advancements show promise to greatly accelerate the calcu-

lation of material properties and the discovery of new materials for a variety of applica-

tions. DNPs have been demonstrated to obtain near-DFT accuracy in a range of material 

systems [46–51]. They have also been shown to compare well in property calculations with 

other methods of approximating the potential energy surface in system sizes that are cost-

prohibitive in DFT, such as empirical interatomic potentials [12,52] and cluster expansions 

[53,54]. In this work, we implement one of these methods, the machine learning-based 

fitting of a DNP for a promising EBC candidate, yttrium disilicate. We show that the DNP 

can correctly predict the structures and properties for the three primary crystal phases of 

Y2Si2O7: β-Y2Si2O7, γ-Y2Si2O7, and δ-Y2Si2O7. We discuss the use of the DNP to perform the 

calculations of the properties that are intractable with DFT and for which no known clas-

sical MD potentials exist. Finally, to test the transferability of the potential, we calculate 

the crystal structure and thermal properties for a structure that was not included in the 

DNP training dataset: α-Y2Si2O7. 

2. Materials and Methods 

2.1. Computational Methods 

2.1.1. Density Functional Theory Simulations 

Baseline first-principles simulations were performed using the Vienna Ab-Initio Sim-

ulation Package (VASP, version 5.4.4) implementation of plane-wave density functional 

theory [55–58]. These calculations were employed with a plane-wave energy cutoff of 520 

eV and a k-space integration mesh of 1500 k-points per reciprocal atom. Projector-aug-

mented wave (PAW) pseudopotentials were used to model the core electrons [59–61]. Va-

lence electrons were modeled in some calculations with the Perdew–Burke–Ernzerhof 

(PBE) exchange–correlation functional [62,63], while others used the PBE modified for sol-

ids (PBEsol) functional. Initial geometries were obtained from the Materials Project data-

base and were optimized to a maximum residual force tolerance of 1 × 10−4 eV/Å on any 

individual atom. 
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2.1.2. Deep Neural Network Interatomic Potential Training 

The DeePMD-kit package (version 2.1.0) was utilized to generate the machine learn-

ing-based atomistic potential [41]. DFT ab-initio molecular dynamics simulations were 

similarly performed in VASP to generate the training data for the DeePMD-kit. However, 

the plane-wave cutoff energy was decreased to 400 eV and k-space mesh with a 0.24 Å−1 

spacing between k-points that was found to be sufficient [50]. The PBE exchange–correla-

tion functional was used in these calculations. The database was constructed iteratively 

using adaptive training as performed in previous studies [47,49–51,64]. Briefly, using the 

first iteration of the dataset, we generated three randomly seeded DNPs, sampled 100 ps 

MD trajectories based on isothermal–isobaric (NPT) ensembles at various temperatures 

from 300 K to 2000 K, and selected configurations for further training that deviated from 

a set force criterion (~0.2 eV/Å). We carried out DFT calculations on the selected structures 

and used the additional data to enhance the dataset, and then generated the second itera-

tion of DNPs. The adaptive training was continued until no new configurations were iden-

tified in this approach. In total, we have around 14,000 configurations for the primitive 

unit cell of the β-phase, 4000 configurations for the primitive unit cell of the γ-phase, and 

1500 configurations for the primitive unit cell of the δ-phase. While more configurations 

of β-Y2Si2O7 were included than γ- or δ-Y2Si2O7, we do not expect the model to be biased 

to a particular crystal structure. Rather, we expect that the inclusion of more configura-

tions of the β-phase to lead to lower variance in the predicted forces for that structure 

relative to the others. We note that no configurations for the α-phase were included in the 

training data. Additionally, the database included 3000 configurations obtained with the 

2 × 2 × 2 supercell.  

The deep neural network potentials (DNPs) were developed with the DeepPot-SE 

method [65] as implemented in DeePMD-Kit [41]. A cut-off radius of 7 Å was used for 

neighbor searching, and 2 Å was set for the distance in which the smoothening starts. The 

embedding net was set to be 25 × 50 × 100 and the fitting net to be 240 × 240 × 240. The 

neural network was trained using the Adam stochastic gradient descent method that de-

creases exponentially from 0.001. The loss function prefactors for the energy, forces, and 

virials were kept at constant values of 1, 10,000, and 10, respectively. These parameters 

were found to be adequate and appropriate in our previous studies. The atomistic calcu-

lations using the DNP were carried out using LAMMPS. 

2.1.3. Molecular Dynamics Simulations 

Classical molecular dynamics (MD) simulations were performed using the Large-

scale Atomic/Molecular Massively Parallel Simulator (LAMMPS, version sta-

ble_29Sep2021_update3) [66]. MD simulations were run using supercells of 1 × 1 × 1 (β, γ: 

22 atoms; δ: 44 atoms), 2 × 2 × 2 (β, γ: 176 atoms; δ: 352 atoms), 3 × 3 × 3 (β, γ: 594 atoms; 

δ: 1188 atoms), and 5 × 5 × 5 (β, γ: 2750 atoms; α, δ: 5500 atoms) multiples of the conven-

tional unit cells for each crystal phase. Simulations were performed in four steps, using a 

0.002 ps (2 fs) timestep for all steps. Firstly, a structure minimization was performed al-

lowing all cell lattice parameter and angle degrees of freedom to vary using the conjugate 

gradient algorithm until the energy was converged to a tolerance of 1 × 10−4 eV. Secondly, 

an equilibration run in the canonical (NVT) ensemble was performed for 100,000 timesteps 

(200 ps). Thirdly, an equilibration run in the microcanonical (NVE) ensemble was per-

formed for 100,000 timesteps (200 ps). Fourthly, a production run in the isothermal–iso-

baric (NPT) ensemble was performed for 1,000,000 timesteps (2 µs). Temperature and 

pressure were maintained with the Nosé–Hoover thermostat and barostat, respectively, 

with a temperature damping constant of 0.01 ps in the equilibrium runs and 10 ps in the 

production run and a pressure damping constant of 1000 ps. Finally, a production run in 

the NVE ensemble was performed for 1,000,000 timesteps (2 µs) to confirm full equilibra-

tion of the system. There was negligible difference in the calculated bond lengths and ra-

dial distribution functions between the NPT production trajectory and the NVE 
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production trajectory, providing further evidence that the MD simulations were fully 

equilibrated. 

2.1.4. Phonon Calculations 

Phonon and thermodynamic property calculations were performed using the finite-

displacement approach as implemented in the Phonopy package (version 2.31.1) [67]. A 2 

× 2 × 2 supercell was used for all phonon calculations. The quasi-harmonic approximation 

as implemented in Phonopy was used to model thermodynamic properties at non-equi-

librium unit cell volumes [68]. The PhonoLAMMPS (version 0.8.3) package [69] was used 

to produce the Phonopy results using the DNP and LAMMPS as the force constant calcu-

lator. 

2.2. Experimental Methods 

γ-Y2Si2O7 and δ-Y2Si2O7 were previously synthesized in an earlier manuscript by the 

authors [24]. Briefly, Y2Si2O7 spray-dried powder obtained from Praxair, Inc. (99%) was 

heat-treated at 1600 °C for 10 h resulting in single-phase γ-Y2Si2O7. To obtain single-phase 

δ-Y2Si2O7, the as-received powder was heat-treated at 1700 °C for 5 h. α-Y2Si2O7 was syn-

thesized for this study using a sol–gel method. All precursors were obtained from Alfa 

Aesar (>99%). Yttrium nitrate hydrate (Y(NO3)3·6H2O) and tetraethyl orthosilicate 

(Si(OC2H5)4, TEOS) were used as precursors. Y(NO3)3·6H2O was mixed with deionized wa-

ter, and TEOS was mixed with ethanol in separate containers. The two containers were 

then stirred together with hydrochloric acid (HCl) to produce a gel, which was dried over-

night at 60 °C and to produce a powder. The powder was then calcined at 1100 °C for 8 h 

to obtain α-Y2Si2O7. X-ray diffraction (XRD) scans of all three synthesized powders are 

displayed in Figure 1. 

 

Figure 1. Powder X-ray diffraction scans for α- (black), γ- (blue), and δ-Y2Si2O7 (red) powders ob-

tained at room temperature. γ- and δ-phase powders were single phase and corresponding peaks 

are indicated by triangle and diamond symbols, respectively. For the α-Y2Si2O7 scan, the triclinic α-

phase is indicated by star symbols, the yttrialite phase is indicated by square symbols, and the apa-

tite phase is indicated by circle symbols. β-phase CTE data were obtained from the high-tempera-

ture scans of the δ-phase sample [24]. 

Differential scanning calorimetry (DSC) was utilized to measure the specific heat ca-

pacity (CP) of the γ-, δ-, and α-Y2Si2O7 synthesized powders [70]. The experiments were 

performed on a Netzsch STA 409 instrument using platinum crucibles with lids. An empty 
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crucible was heated with the same temperature program to obtain a temperature calibra-

tion curve, and a sapphire standard was run to obtain a baseline curve for measurement. 

Sample powders were weighed out between ~20 to 50 mg so that the mass of the sample 

was similar to the mass of the standard. The powders were placed into the platinum cru-

cibles and pressed into compacts before analysis. The powders were measured from room 

temperature to 1000 °C at a heating rate of 10 °C/min under flowing nitrogen at 50 

mL/min. 

CTEs for β-Y2Si2O7, γ-Y2Si2O7, and δ-Y2Si2O7 were measured and reported in our pre-

vious publication [24], with the experiments described in detail elsewhere [23,24]. CTEs 

for α-Y2Si2O7 were measured for this manuscript. In brief, an Empyrean diffractometer 

(Malvern Panalytical, Worcestershire, UK) was utilized to carry out in situ XRD scans of 

each powder from room temperature to 1500 °C with an Anton Paar HTK2000N heating 

stage. A standard CeO2 powder obtained from the National Institute of Standards Tech-

nology (NIST) was used to conduct the temperature calibration on the instrument. The 

lattice parameters at each temperature were estimated using Rietveld refinement in 

TOPAS software (Bruker Corporation, Billerica, MA USA, version 5) [71]. CTEs for each 

lattice direction were calculated as the slope of ΔL/L0 vs. ΔT. The average bulk CTEs of the 

materials were estimated as 1/3 of the unit cell volumetric expansion (ΔV/V0 vs. ΔT). 

3. Results and Discussion 

3.1. Lattice Parameters—Equilibrium Volume 

A zero-pressure, 0 K geometry optimization was performed using the atomistic po-

tential to compare to the DFT-optimized crystal cell. These results are shown in Table 1. 

The lattice constants calculated with both the PBE and PBEsol functionals are in good 

agreement with the lattice parameters determined experimentally from the X-ray diffrac-

tion data [72–79]. The experimental values were all taken at atmospheric pressures, which 

should have a negligible effect on the agreement between the simulated and experimental 

results. However, there were slight differences between the two functionals. The PBEsol-

predicted lattice constants were slightly shorter than the experimental data in most cases, 

while the PBE-predicted lattice constants were slightly longer than the experimental data. 

Table 1. Calculated cell parameters for the β-, γ-, and δ-Y2Si2O7 conventional unit cell at 0 K. PBE is 

the Perdew–Burke–Ernzerhof exchange–correlation functional, PBEsol is the PBE revised for solids 

exchange–correlation functional. Experimental values were measured at 298 K [72–79]. 

Phase Theory a b c α β γ 

β 

C2/m 

DFT (PBE) 6.914 9.063 4.781 90 101.97 90 

DFT (PBEsol) 6.854 8.965 4.740 90 101.79 90 

DNP (PBE *) 6.898 9.047 4.768 90 101.95 90 

 Ref. [72] 6.88 8.97 4.72 90 101.7 90 

 Ref. [78] 6.873 8.970 4.718 90 101.72 90 

γ DFT (PBE) 4.753 10.901 5.633 90 96.18 90 

P21/c DFT (PBEsol) 4.710 10.813 5.569 90 95.98 90 

 DNP (PBE *) 4.739 10.885 5.621 90 96.14 90 

 Ref. [73] 4.68824(5) 10.84072(9) 5.58219(6) 90 96.0325(3) 90 

 Ref. [74] 4.69 10.86 5.59 90 96.01 90 

 Ref. [75] 4.663(5) 10.784(21) 5.536(5) 90 96.06 90 

 

Ref. [76] 4.6881(2) 10.8416(5) 5.5824(2) 90 96.035(1) 90 

Ref. [78] 4.685 10.842 5.583 90 96.046 90 

Ref. [79] 4.6916(4) 10.8521(10) 5.5872(5) 90 96.040(3) 90 

δ DFT (PBE) 13.802 5.087 8.196 90 90 90 

Pna21 DFT (PBEsol) 13.619 5.027 8.121 90 90 90 

 DNP (PBE *) 13.772 5.074 8.186 90 90 90 

 Ref. [75] 13.69(2) 5.020(5) 8.165(10) 90 90 90 
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 Ref. [77] 13.81 5.02 8.30 90 90 90 

 Ref. [78] 13.663 5.020 8.150 90 90 90 

* DNP was trained with AIMD simulations using the PBE functional.  

3.2. Bond Distances and Radial Distribution Functions 

Since Y and Si only coordinate directly with O, the Y–O and Si–O radial distribution 

functions (RDFs) were calculated for each of the 5 × 5 × 5 supercell MD trajectories every 

200 K from 200 K to 2000 K. These results are shown in Figure 2. As expected, tall, narrow 

peaks are indicated in the RDF plots at ~2.2 Å for Y–O and ~1.6 Å for Si–O, matching up 

with their equilibrium bond lengths. Subsequent peaks at longer distances indicate the 

crystalline nature of these materials (see Figures S1–S3 in the Supplementary Materials). 

Breadth in these peaks is due to thermal fluctuations. It can also be seen from Figure 2 that 

as the temperature increases, the peak height decreases and the width increases. This is 

likely due to a “smearing” of interatomic distances due to thermal fluctuations averaged 

over the trajectory. While there is some loss in peak definition at further distances with 

the increasing temperature, there is not an indication of melting since peaks still exist. This 

agrees with the melting temperature of Y2Si2O7, which is ~1830 °C (~2100 K) [80]. 

The Y–O and Si–O peaks for β-Y2Si2O7 and γ-Y2Si2O7 match very well with the results 

obtained from diffraction experiments at 298 K. However, the peaks for δ-Y2Si2O7 (Figure 

2e,f) are slightly lower than the experiment. This is potentially due to the large spread in 

bond distances for these bonds in the δ-phase and the homogenization of these interac-

tions during the training of the pairwise DNP. Since the DNP is a pairwise potential, it is 

likely that these bonds are homogenized to some degree during training, leading to a 

smaller spread in the distribution of bond lengths. This is also possibly indicative of the 

lack of influences considered in classical MD such as, i.e., electronic structure effects. 

While there is some quantitative disagreement between the experimental and simulation 

results, the qualitative trends in bond expansion are generally captured well. We are con-

fident that the analyzed bonds remained consistent throughout the simulation as no hy-

drogen atoms were visually observed rotating into a new symmetrically equivalent site 

over the course of a trajectory, as all remained in their initial sites. 
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Figure 2. Radial distribution functions for Y–O and Si–O bonds from 200 K to 2000 K for the Y–O 

bonds in the (a) β-, (c) γ-, and (e) δ-phases of Y2Si2O7 as well as the Si–O bonds in the (b) β-, (d) γ-, 

and (f) δ-phases of Y2Si2O7 as extracted from molecular dynamics simulations using the developed 

interatomic potential. The vertical dashed lines are the bond lengths determined from XRD experi-

ments at room temperature. 

3.3. Thermal Properties 

Gibbs free energies (G) and constant pressure heat capacities (CP) were calculated 

using the quasi-harmonic approximation for all three phases of Y2Si2O7. These results are 

shown in Figure 3. These values were calculated for four supercell sizes, N × N × N, where 

N = 1, 2, 3, or 5 and compared to the DFT results utilizing either the PBE or PBEsol func-

tional. These values of N were selected for direct comparison to the DFT results and due 
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to the previous literature examples using similar supercell sizes for DFT phonon calcula-

tions [5,8,81–85]. While the calculation of additional properties may require even larger 

supercells, the errors in the properties calculated in this work were seen to have reasona-

bly converged within this range of supercell sizes. The full set of results is shown in the 

Supplementary Materials in Figures S4–S9. There is very good agreement between all 

supercell sizes and the DFT-PBE results except for the 1 × 1 × 1, where it is likely that finite-

size effects are caused by interactions between atoms and their own periodic images. 

There is deviation between the DNP results and DFT-PBEsol results; however, the agree-

ment between the DNP results and DFT-PBE is quite good. Since the DNP was trained on 

DFT-PBE training data, this deviation is more indicative of the difference between DFT-

PBE and DFT-PBEsol than any shortcomings of the DNP. For the γ-phase, the CP is larger 

for the cases where N = 2, 3, and 5 than the DFT-PBE results (Figure 3b). However, the 

DNP results in those cases are actually closer to the experimental values obtained from 

the literature [86–89]. This provides some evidence that using the larger unit cells in the 

DNP calculations can improve the CP calculation results. Additionally, we see in Figure 3c 

that for the δ-phase, the DNP does a better job of predicting the experimental results than 

DFT. The reduction in computational expense using the DNP compared to DFT allows for 

increased supercell sizes to minimize the finite-size effects for phonon frequency calcula-

tions, and it can also enable the calculation of additional properties such as diffusion con-

stants at low gas concentrations (assuming the DNP is appropriately trained). 

 

Figure 3. Constant pressure heat capacities (CP) and Gibbs free energy (G) for β- ((a) and (d), respec-

tively), γ- ((b) and (e), respectively), and δ-Y2Si2O7 ((c) and (f), respectively) calculated from DNP 

finite-displacement phonon calculations compared to DFT and experimental results, including 

Sun2008 [86], Cordfunke1998 [87], Fabrichnaya2001 [88], and Kolitsch1992 [89]. 

3.4. Anisotropic Coefficients of Thermal Expansion 

As stated in the Introduction, the CTE is an important design criterion for EBC de-

sign. Because these materials can exhibit anisotropy in thermal expansion, it is necessary 

to obtain the lattice direction-dependent CTE components rather than a bulk, volumetric 
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CTE. To this end, we used the potential to calculate the coefficient of thermal expansion 

(CTE) of the three predominant crystal phases of Y2Si2O7 to compare with those in the 

literature. Y2Si2O7 has specifically been shown in the literature to have anisotropic thermal 

expansion [24,73,76]. Therefore, it is necessary to adequately describe the CTE for each of 

the lattice directions. Several literature sources provide the mean linear CTE or bulk CTE, 

which assumes isotropic expansion over the temperature range. Plots showing the lattice 

expansion in the a, b, and c lattice directions along with comparison to the experimental 

and literature data are shown in Figure 4 and Table 2. Additionally, comparisons of the 

CTE values calculated at the different supercell sizes are available in the Supplementary 

Materials in Figures S10–S12. While there are slight quantitative deviations between the 

calculated data and experimental data, the general qualitative agreement is good between 

the DNP and experiment. It is likely that this deviation could further be reduced by in-

creasing the size of the supercell or the simulated time. 

The slopes of the curves in Figure 4 give the CTE for each of the lattice directions. 

Here, we calculated the CTE in each lattice direction for each crystal phase of Y2Si2O7 and 

found that the calculated values matched well with the experimental results. A compari-

son of the calculated and experimental CTEs is shown in [24,73,76,86,90]. In the β- and γ-

phases (Figure 4a,b), respectively), the CTE in the a- and b-directions was overpredicted 

and the CTE in the c-direction was underpredicted. However, in the δ-phase (Figure 4c), 

the potential overpredicts the CTE in all three lattice directions. We note here that even 

though the DNP struggled to some degree to predict the interatomic bond lengths, as seen 

in Figure 2, these errors generally average out over the span of the larger crystal supercell 

from the phonon and CTE calculations, leading to generally good agreement in these 

properties of interest. 
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Figure 4. Thermal expansion of (a) β-, (b) γ-, and (c) δ- Y2Si2O7 calculated from DNP trajectories. 

The dotted curve represents the fitted model from Dolan et al. [73]. Square, circle, and triangle mark-

ers represent experimental data from Stokes et al. [24], Fukuda et al. [76], and Sun et al. [86], respec-

tively. 
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Table 2. Coefficients of thermal expansion (×10−6 K−1) for β-, γ-, and δ-Y2Si2O7, including those for 

the individual lattice constants and for the average linear bulk CTE. 

Phase  T Range [K] 
a 

(×10−6 K−1) 

b 

(×10−6 K−1) 

c 

(×10−6 K−1) 

Average Bulk 

Linear CTE 

(×10−6 K−1) 

β 

C2/m 

DNP 200–2000 7.45 4.98 0.89 4.33 

Ref. [24] 298.15–1773.15 8.13 4.66 1.41 4.73 

Ref. [73] 
293.15–1473.15 

293.15–1673.15 

5.74 

6.23 

4.17 

4.37 

2.23 

2.12 

4.0 

4.1 

γ 

P21/c 

DNP 200–2000 6.89 6.83 0.79 4.77 

Ref. [24] 298.15–1773.15 6.14 6.67 1.11 4.64 

Ref. [73] 293.15–1473.15 0.69 5.90 5.17 3.9 

Ref. [76] 504    2.2 

Ref. [76] 1473    3.8 

Ref. [86] 293–1527    3.9 

Ref. [90] 293–1273    4.6 

δ 

Pna21 

DNP 200–2000 11.80 11.48 3.92 9.20 

Ref. [24] 298.15–1773.15 11.22 10.43 2.41 8.02 

Ref. [73] 
293.15–1473.15 

293.15–1673.15 

10.40 

10.75 

9.92 

10.32 

2.48 

2.59 

7.7 

8.1 

3.5. Transferability 

To inspect the transferability of the DNP, we calculated the crystal lattice parameters, 

heat capacity, Gibbs free energy, and CTE of a crystal structure that was not included in 

the DNP training dataset: α-Y2Si2O7. These results are shown in Table 3. While inclusion 

of the α-Y2Si2O7 structure in the training dataset would likely lead to a more accurate 

model, it is not always feasible to include every possible crystal structure in the training 

data, whether due to computational resource limitations, structures being previously un-

known, etc. Therefore, we wanted to test the DNP on an unseen structure. Interestingly, 

the DNP-predicted 0 K crystal structure lattice parameters for α-Y2Si2O7 were closer to the 

experimental results from Dolan et al. [73] than the experiments performed as part of this 

work. However, the discrepancies are small between the lattice parameters from all three 

sets of data. 

Table 3. Calculated cell parameters for the α-Y2Si2O7 conventional unit cell at 0 K. PBE is the 

Perdew–Burke–Ernzerhof exchange–correlation functional, PBEsol is the PBE revised for solids ex-

change–correlation functional. Experimental values were measured at 298 K [72–79]. 

Phase Theory a b c α β Γ 

α 

P1 

DFT (PBE) 6.660 6.694 12.153 94.07 91.53 92.11 

DFT (PBEsol) 6.593 6.616 12.00 94.47 91.08 91.84 

DNP (PBE *) 6.655 6.693 12.162 94.50 91.21 91.89 

Expt. † 6.581 6.633 12.021 94.53 89.03 88.23 

Ref. [73] 6.5881(4) 6.6392(6) 12.031(1) 94.479(7) 90.946(7) 91.800(6) 

* DNP was trained with AIMD simulations using the PBE functional. † This work. 

Additionally, the thermodynamics properties calculated above were also calculated 

for α-Y2Si2O7. These results are shown in Figures 5 and 6 and Table 4. The Cp predicted by 

the DNP (Figure 5a) is very close to that predicted by the DNP for the other three crystal 

structures in this work, but there is significant deviation from that determined from the 

DSC measurements here. Further study is required to determine the accuracy of these 

calculations. There is a similar discrepancy in the calculated CTE (Figure 6) compared to 
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the XRD measurements. In this case, the qualitative trends in the CTE anisotropy are cor-

rectly predicted, but the quantitative values are less accurate than the three crystal struc-

tures included in the DNP training dataset. These discrepancies likely indicate that a more 

thorough training process is required for a more transferrable DNP model. Further vali-

dation of the DNP on additional crystal structures with similar moieties to Y2Si2O7 such 

as yttrium monosilicate, yttria, and silica would provide additional evidence of model 

transferability and will be the subject of a future study. 

 

Figure 5. (a) Constant pressure heat capacities, CP, and (b) Gibbs free energy, G, for α-Y2Si2O7 calcu-

lated from DNP finite-displacement phonon calculations compared to experimental results. 
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Figure 6. Thermal expansion of the α-Y2Si2O7 calculated from DNP trajectories. The dotted curve 

represents the fitted model from Dolan et al. [73]. Circle markers represent experimental data from 

this work. 

Table 4. Coefficients of thermal expansion (×10−6 K−1) for α-Y2Si2O7, including those for the individ-

ual lattice constants and for the average linear bulk CTE. 

Phase  T Range [K] 
a 

(×10−6 K−1) 

b 

(×10−6 K−1) 

c 

(×10−6 K−1) 

Average Bulk 

Linear CTE 

(×10−6 K−1) 

α 

P1 

DNP 200–2000 5.36 12.47 12.95 10.77 

Expt.† 298.15–1373.15 5.36 8.49 9.33 7.72 

Ref. [73] 293.15–1473.15 5.21 8.60 10.29 8.0 
† This work. 

4. Conclusions 

In this work, we have developed an interatomic potential for Y2Si2O7 using a machine 

learning framework trained on DFT data. This potential was used in classical MD simula-

tions to accurately reproduce thermodynamic properties calculated via finite-difference 

method phonon calculations. While certain properties, especially the calculated intera-

tomic bond lengths, differed from the experimental results, the qualitative trends matched 

well, and the DNP was still able to predict properties of interest for the EBC design accu-

rately. These results obtained orders of magnitude faster than state-of-the-art DFT calcu-

lations and could therefore be used as a screening method prior to more costly calculations 

or experiments. In addition, we used the potential to calculate the thermal expansion of 

three predominant crystal phases of Y2Si2O7. These simulated results showed the inherent 

anisotropy of the thermal expansion in each of the individual lattice directions. Finally, to 

test the transferability of the DNP, we calculated the properties for α-Y2Si2O7. The calcu-

lated results showed qualitative agreement with the trends from the experimental data, 

but a more robust training is likely needed for quantitative agreement for structures out-

side of the training dataset. The development of the DNP in this work enables future cal-

culations of the material properties for Y2Si2O7 using alternative statistical sampling tech-

niques such as Monte Carlo simulations or advanced MD sampling. These could be ap-

plied to additional properties of interest such as phase stability or gas diffusivity that 

would be computationally intractable with standard DFT methods. The results from these 

simulations could provide insights and guide the experimental validation of properties 

for which experimental data are scarce. Calculations of such properties using the DNP 

will be the subject of future studies. As such, the DNP developed in this work can be used 

to aid in and accelerate the computational design of EBCs for aerospace applications, 
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thermal barrier coatings for aerospace and land-based power generation, coatings for nu-

clear thermal propulsion applications, and other related applications as well. 

Supplementary Materials: The following supporting information can be downloaded at: 

www.mdpi.com/xxx/s1, Figure S1: β-Y2Si2O7 radial distribution function from 0 to 10 Å. ; Figure S2: 

γ-Y2Si2O7 radial distribution function from 0 to 10 Å.; Figure S3: δ-Y2Si2O7 radial distribution func-

tion from 0 to 10 Å.; Figure S4:  Heat capacities (CP) calculated via the QHA for β-Y2Si2O7 using DFT 

(including the PBE and PBEsol exchange-correlation functionals) and classical MD and the DNP as 

the respective force calculators. For the DNP simulations, we compared supercells of size N×N×N 

where N = 1, 2, 3, and 5.; Figure S5: Gibbs free energies (G) calculated via the QHA for β-Y2Si2O7 

using DFT (including the PBE and PBEsol exchange-correlation functionals) and classical MD and 

the DNP as the respective force calculators. For the DNP simulations, we compared supercells of 

size N×N×N where N = 1, 2, 3, and 5.; Figure S6: Heat capacities (CP) calculated via the QHA for γ-

Y2Si2O7 using DFT (including the PBE and PBEsol exchange-correlation functionals) and classical 

MD and the DNP as the respective force calculators. For the DNP simulations, we compared super-

cells of size N×N×N where N = 1, 2, 3, and 5.; Figure S7: Gibbs free energies (G) calculated via the 

QHA for γ-Y2Si2O7 using DFT (including the PBE and PBEsol exchange-correlation functionals) and 

classical MD and the DNP as the respective force calculators. For the DNP simulations, we com-

pared supercells of size N×N×N where N = 1, 2, 3, and 5.; Figure S8: Heat capacities (CP) calculated 

via the QHA for δ-Y2Si2O7 using DFT (including the PBE and PBEsol exchange-correlation function-

als) and classical MD and the DNP as the respective force calculators. For the DNP simulations, we 

compared supercells of size N×N×N where N = 1, 2, 3, and 5.; Figure S9: Gibbs free energies (G) 

calculated via the QHA for δ-Y2Si2O7 using DFT (including the PBE and PBEsol exchange-correlation 

functionals) and classical MD and the DNP as the respective force calculators. For the DNP simula-

tions, we compared supercells of size N×N×N where N = 1, 2, 3, and 5.; Figure S10:  Anisotropic 

coefficients of thermal expansion for the a (red), b (black), and c (blue) directions of β-Y2Si2O7. In-

creasing N is represented by increasing dash opacity and length. Ref. [73] indicates the empirical fit 

by Dolan, et al. [2] (Reference 73 in the main text).; Figure S11: Anisotropic coefficients of thermal 

expansion for the a (red), b (black), and c (blue) directions of γ-Y2Si2O7. Increasing N is represented 

by increasing dash opacity and length. Ref. [73] indicates the empirical fit by Dolan, et al. [2] (Ref-

erence 73 in the main text).; Figure S12: Anisotropic coefficients of thermal expansion for the a (red), 

b (black), and c (blue) directions of δ-Y2Si2O7. Increasing N is represented by increasing dash opacity 

and length. Ref. [73] indicates the empirical fit by Dolan, et al. [2] (Reference 73 in the main text). 

Author Contributions: Conceptualization, C.J.B. and W.A.S.; methodology, C.J.B., W.A.S., and J.L.S.; 

software, C.J.B. and W.A.S.; validation, C.J.B. and J.L.S.; formal analysis, C.J.B., W.A.S., and J.L.S.; 

investigation, C.J.B., W.A.S., J.L.S., R.I.W., and G.C.; resources, C.J.B. and W.A.S.; data curation, C.J.B. 

and W.A.S.; writing—original draft preparation, C.J.B.; writing—review and editing, W.A.S., J.L.S., 

and G.C.; visualization, C.J.B.; funding acquisition, C.J.B. and W.A.S. All authors have read and 

agreed to the published version of the manuscript. 

Funding: This work was supported by the NASA Transformational Tools and Technologies (TTT) 

project within the Aeronautics Research Mission Directorate’s Transformative Aeronautics Con-

cepts Program (TACP). C.J.B. acknowledges the NASA High-End Computing (HEC) Program 

through the NASA Advanced Supercomputing (NAS) Division at Ames Research Center for provid-

ing computing resources supporting this work. W.A.S. was partially supported by the US National 

Science Foundation (Award No. CSSI-2003808). Computational support was provided in part by the 

University of Pittsburgh Center for Research Computing through the resources provided on the 

H2P cluster, which is supported by NSF (Award No. OAC-2117681). 

Data Availability Statement: The data presented in this study are available on request from the 

corresponding author. 

Conflicts of Interest: The authors declare no conflicts of interest. 

References 

1. Opila, E.J.; Smialek, J.L.; Robinson, R.C.; Fox, D.S.; Jacobson, N.S. SiC Recession Caused by SiO2 Scale Volatility under Combus-

tion Conditions: II, Thermodynamics and Gaseous-Diffusion Model. J. Am. Ceram. Soc. 1999, 82, 1826–1834. 

https://doi.org/10.1111/j.1151-2916.1999.tb02005.x. 

2. Smialek, J.L.; Robinson, R.C.; Opila, E.J.; Fox, D.S.; Jacobson, N.S. SiC and Si3N4 Recession Due to SiO2 Scale Volatility under 

Combustor Conditions. Adv. Compos. Mater. 1999, 8, 33–45. https://doi.org/10.1163/156855199X00056. 



Materials 2024, 17, x FOR PEER REVIEW 16 of 19 
 

 

3. Ito, J.; Johnson, H. Synthesis and Study of Yttrialite. Am. Mineral. 1968, 53, 1940–1952. 

4. Ayyasamy, M.V.; Deijkers, J.A.; Wadley, H.N.G.; Balachandran, P.V. Density Functional Theory and Machine Learning Guided 

Search for RE2Si2O7 with Targeted Coefficient of Thermal Expansion. J. Am. Ceram. Soc. 2020, 103, 4489–4497. 

https://doi.org/10.1111/jace.17121. 

5. Fujii, S.; Ioki, A.; Yokoi, T.; Yoshiya, M. Role of Phonons on Phase Stabilization of RE2Si2O7 over Wide Temperature Range (RE 

= Yb, Gd). J. Eur. Ceram. Soc. 2019, 39, 1477–1486. https://doi.org/10.1016/j.jeurceramsoc.2019.10.060. 

6. Wang, Y.; Liu, J. First-Principles Investigation on the Corrosion Resistance of Rare Earth Disilicates in Water Vapor. J. Eur. 

Ceram. Soc. 2009, 29, 2163–2167. https://doi.org/10.1016/j.jeurceramsoc.2009.02.005. 

7. Tian, Z.; Zheng, L.; Li, Z.; Li, J.; Wang, J. Exploration of the Low Thermal Conductivities of γ-Y2Si2O7, β-Y2Si2O7, β-Yb2Si2O7, 

and β-Lu2Si2O7 as Novel Environmental Barrier Coating Candidates. J. Eur. Ceram. Soc. 2016, 36, 2813–2823. 

https://doi.org/10.1016/j.jeurceramsoc.2016.04.022. 

8. Luo, Y.; Sun, L.; Wang, J.J.J.; Wu, Z.; Lv, X.; Wang, J.J.J. Material-Genome Perspective towards Tunable Thermal Expansion of 

Rare-Earth Di-Silicates. J. Eur. Ceram. Soc. 2018, 38, 3547–3554. https://doi.org/10.1016/j.jeurceramsoc.2018.04.021. 

9. Xiang, H.; Feng, Z.; Zhou, Y. Mechanical and Thermal Properties of Yb2SiO5: First-Principles Calculations and Chemical Bond 

Theory Investigations. J. Mater. Res. 2014, 29, 1609–1619. https://doi.org/10.1557/jmr.2014.201. 

10. Hazen, R.M.; Prewitt, C.T. Effects of Temperature and Pressure on Interatomic Distances in Oxygen-Based Minerals. Elastic 

Prop. Equ. State 2011, 62, 407–413. https://doi.org/10.1029/sp026p0407. 

11. Fernández-Carrión, A.J.; Allix, M.; Becerro, A.I. Thermal Expansion of Rare-Earth Pyrosilicates. J. Am. Ceram. Soc. 2013, 96, 2298–

2305. https://doi.org/10.1111/jace.12388. 

12. Wen, T.; Zhang, L.; Wang, H.; E, W.; Srolovitz, D.J. Deep Potentials for Materials Science. Mater. Futur. 2022, 1, 022601. 

https://doi.org/10.1088/2752-5724/ac681d. 

13. Kaufmann, K.; Maryanovsky, D.; Mellor, W.M.; Zhu, C.; Rosengarten, A.S.; Harrington, T.J.; Oses, C.; Toher, C.; Curtarolo, S.; 

Vecchio, K.S. Discovery of High-Entropy Ceramics via Machine Learning. NPJ Comput. Mater. 2020, 6, 42. 

https://doi.org/10.1038/s41524-020-0317-6. 

14. Akrami, S.; Edalati, P.; Fuji, M.; Edalati, K. High-Entropy Ceramics: Review of Principles, Production and Applications. Mater. 

Sci. Eng. R Rep. 2021, 146, 100644. https://doi.org/10.1016/j.mser.2021.100644. 

15. Cameron, M.; Sueno, S.; Prewitt, C.T.; Papike, J.J. High-Temperature Crystal Chemistry of Acmite, Diopside, Hedenbergite, 

Jadeite, Spodumene, and Ureyite. Am. Mineral. 1973, 58, 594–618. 

16. Smith, J.R. An Orthopyroxene Structure Up to 850 °C. Am. Mineral. 1973, 58, 636–648. 

17. Brown, G.E.; Prewitt, C.T.; Brook, S.; York, N. High-Temperature Crystal Chemistry of Hortonolite. Am. Mineral. J. Earth Planet. 

Mater. 1973, 58, 577–587. 

18. Peacor, D.R. High-Temperature, Single-Crystal X-Ray Study of Natrolite. Am. Mineral. 1973, 58, 676–680. 

19. Smith, J.R. High Temperature Crystal Chemistry of Fayalite. Am. Mineral. 1975, 60, 1092–1097. 

20. Sueno, S.; Cameron, M.; Prewitt, C.T. Orthoferrosilite; High-Temperature Crystal Chemistry. Am. Mineral. 1976, 61, 38–53. 

21. Meagher, E.P. The Crystal Structures of Pyrope and Grossularite at Elevated Temperatures. Am. Mineral. 1975, 60, 218–228. 

22. Hazen, R.M. Effects of Temperature and Pressure on the Crystal Structure of Ferromagnesian Olivine. Am. Mineral. 1977, 62, 

286–295. 

23. Stokes, J.L.; Harder, B.J.; Wiesner, V.L.; Wolfe, D.E. Crystal Structures and Thermal Expansion of Yb2Si2O7–Gd2Si2O7 Solid 

Solutions. J. Solid State Chem. 2022, 312, 123166. https://doi.org/10.1016/j.jssc.2022.123166. 

24. Stokes, J.L.; Bodenschatz, C.J.; Harder, B.J.; Wiesner, V.L.; Saidi, W.A.; Wolfe, D.E. Influence of Cation Species on Thermal Ex-

pansion of Y2Si2O7–Gd2Si2O7 Solid Solutions. J. Solid State Chem. 2023, 327, 124229. https://doi.org/10.1016/j.jssc.2023.124229. 

25. Chen, C.; Zuo, Y.; Ye, W.; Li, X.; Deng, Z.; Ong, S.P. A Critical Review of Machine Learning of Energy Materials. Adv. Energy 

Mater. 2020, 10, 1903242. https://doi.org/10.1002/aenm.201903242. 

26. Vasudevan, R.K.; Materials, N.; Ridge, O.; Ridge, O. Materials Science in the Arti Fi Cial Intelligence Age: High-Throughput 

Library Generation, Machine Learning, and a Pathway from Correlations to the Underpinning Physics. MRS Commun. 2020, 9, 

821–838. https://doi.org/10.1557/mrc.2019.95. 

27. Butler, K.T.; Davies, D.W.; Cartwright, H.; Isayev, O.; Walsh, A. Machine Learning for Molecular and Materials Science. Nature 

2018, 559, 547–555. https://doi.org/10.1038/s41586-018-0337-2. 

28. Wei, J.; Chu, X.; Sun, X.Y.; Xu, K.; Deng, H.X.; Chen, J.; Wei, Z.; Lei, M. Machine Learning in Materials Science. InfoMat 2019, 1, 

338–358. https://doi.org/10.1002/inf2.12028. 

29. Morgan, D.; Jacobs, R. Opportunities and Challenges for Machine Learning in Materials Science. Annu. Rev. Mater. Res. 2020, 

50, 71–103. https://doi.org/10.1146/annurev-matsci-070218-010015. 

30. Sparks, T.D.; Kauwe, S.K.; Parry, M.E.; Tehrani, A.M.; Brgoch, J. Machine Learning for Structural Materials. Annu. Rev. Mater. 

Res. 2020, 50, 27–48. https://doi.org/10.1146/annurev-matsci-110519-094700. 

31. Schleder, G.R.; Padilha, A.C.M.; Acosta, C.M.; Costa, M.; Fazzio, A. From DFT to Machine Learning: Recent Approaches to 

Materials Science—A Review. J. Phys. Mater. 2019, 2, 032001. https://doi.org/10.1088/2515-7639/ab084b. 

32. Agrawal, A.; Choudhary, A. Perspective: Materials Informatics and Big Data: Realization of the “Fourth Paradigm” of Science 

in Materials Science. APL Mater. 2016, 4, 053208. https://doi.org/10.1063/1.4946894. 

33. Schütt, K.T.; Sauceda, H.E.; Kindermans, P.J.; Tkatchenko, A.; Müller, K.R. SchNet—A Deep Learning Architecture for Mole-

cules and Materials. J. Chem. Phys. 2018, 148, 241722. https://doi.org/10.1063/1.5019779. 



Materials 2024, 17, x FOR PEER REVIEW 17 of 19 
 

 

34. Chen, C.; Ye, W.; Zuo, Y.; Zheng, C.; Ong, S.P. Graph Networks as a Universal Machine Learning Framework for Molecules 

and Crystals. Chem. Mater. 2019, 31, 3564–3572. 

35. Xie, T.; Grossman, J.C. Crystal Graph Convolutional Neural Networks for an Accurate and Interpretable Prediction of Material 

Properties. arXiv 2017, arXiv:1710.10324. 

36. Khorshidi, A.; Peterson, A.A. Amp: A Modular Approach to Machine Learning in Atomistic Simulations. Comput. Phys. Com-

mun. 2016, 207, 310–324. https://doi.org/10.1016/j.cpc.2016.05.010. 

37. Artrith, N.; Urban, A. An Implementation of Artificial Neural-Network Potentials for Atomistic Materials Simulations: Perfor-

mance for TiO2. Comput. Mater. Sci. 2016, 114, 135–150. https://doi.org/10.1016/j.commatsci.2015.11.047. 

38. Smith, J.S.; Isayev, O.; Roitberg, A.E. ANI-1: An Extensible Neural Network Potential with DFT Accuracy at Force Field Com-

putational Cost. Chem. Sci. 2017, 8, 3192–3203. https://doi.org/10.1039/C6SC05720A. 

39. Chen, C.; Ong, S.P. A Universal Graph Deep Learning Interatomic Potential for the Periodic Table. Nat. Comput. Sci. 2022, 2, 

718–728. 

40. Choudhary, K.; DeCost, B. Atomistic Line Graph Neural Network for Improved Materials Property Predictions. Npj Comput. 

Mater. 2021, 7, 185. https://doi.org/10.1038/s41524-021-00650-1. 

41. Wang, H.; Zhang, L.; Han, J.; E, W.; Weinan, E. DeePMD-Kit: A Deep Learning Package for Many-Body Potential Energy Rep-

resentation and Molecular Dynamics. Comput. Phys. Commun. 2018, 228, 178–184. https://doi.org/10.17632/hvfh9yvncf.1. 

42. Behler, J.; Parrinello, M. Generalized Neural-Network Representation of High-Dimensional Potential Energy Surfaces. Phys. 

Rev. Lett. 2007, 98, 146401. https://doi.org/10.1103/PhysRevLett.98.146401. 

43. Behler, J. Atom-Centered Symmetry Functions for Constructing High-Dimensional Neural Network Potentials. J. Chem. Phys. 

2011, 134, 074106. https://doi.org/10.1063/1.3553717. 

44. Bartók, A.P.; Kondor, R.; Csányi, G. On Representing Chemical Environments. Phys. Rev. B 2013, 87, 184115. 

https://doi.org/10.1103/PhysRevB.87.184115. 

45. Musil, F.; Grisafi, A.; Bartók, A.P.; Ortner, C.; Csányi, G.; Ceriotti, M. Physics-Inspired Structural Representations for Molecules 

and Materials. Chem. Rev. 2021, 121, 9759–9815. https://doi.org/10.1021/acs.chemrev.1c00021. 

46. Wu, J.; Zhang, Y.; Zhang, L.; Liu, S. Deep Learning of Accurate Force Field of Ferroelectric HfO2. Phys. Rev. B 2021, 103, 024108. 

https://doi.org/10.1103/PhysRevB.103.024108. 

47. Andolina, C.M.; Wright, J.G.; Das, N.; Saidi, W.A. Improved Al-Mg Alloy Surface Segregation Predictions with a Machine 

Learning Atomistic Potential. Phys. Rev. Mater. 2021, 5, 083804. https://doi.org/10.1103/PhysRevMaterials.5.083804. 

48. Fronzi, M.; Amos, R.D.; Kobayashi, R.; Matsumura, N.; Watanabe, K.; Morizawa, R.K. Evaluation of Machine Learning Intera-

tomic Potentials for the Properties of Gold Nanoparticles. Nanomaterials 2022, 12, 3891. https://doi.org/10.3390/nano12213891. 

49. Andolina, C.M.; Bon, M.; Passerone, D.; Saidi, W.A. Robust, Multi-Length-Scale, Machine Learning Potential for Ag-Au Bime-

tallic Alloys from Clusters to Bulk Materials. J. Phys. Chem. C 2021, 125, 17438–17447. https://doi.org/10.1021/acs.jpcc.1c04403. 

50. Bayerl, D.; Andolina, C.M.; Dwaraknath, S.; Saidi, W.A. Convergence Acceleration in Machine Learning Potentials for Atomistic 

Simulations. Digit. Discov. 2022, 1, 61–69. https://doi.org/10.1039/d1dd00005e. 

51. Wisesa, P.; Andolina, C.M.; Saidi, W.A. Development and Validation of Versatile Deep Atomistic Potentials for Metal Oxides. 

J. Phys. Chem. Lett. 2023, 14, 468–475. https://doi.org/10.1021/acs.jpclett.2c03445. 

52. Zhang, L.; Han, J.; Wang, H.; Car, R.; Weinan, E. Deep Potential Molecular Dynamics: A Scalable Model with the Accuracy of 

Quantum Mechanics. Phys. Rev. Lett. 2018, 120, 143001. https://doi.org/10.1103/PhysRevLett.120.143001. 

53. Drautz, R. Atomic Cluster Expansion for Accurate and Transferable Interatomic Potentials. Phys. Rev. B 2019, 99, 014104. 

https://doi.org/10.1103/PhysRevB.99.014104. 

54. Lysogorskiy, Y.; van der Oord, C.; Bochkarev, A.; Menon, S.; Rinaldi, M.; Hammerschmidt, T.; Mrovec, M.; Thompson, A.; 

Csányi, G.; Ortner, C.; et al. Performant Implementation of the Atomic Cluster Expansion (PACE) and Application to Copper 

and Silicon. Npj Comput. Mater. 2021, 7, 97. https://doi.org/10.1038/s41524-021-00559-9. 

55. Kresse, G.; Furthmüller, J. Efficiency of Ab-Initio Total Energy Calculations for Metals and Semiconductors Using a Plane-Wave 

Basis Set. Comput. Mater. Sci. 1996, 6, 15–50. https://doi.org/10.1016/0927-0256(96)00008-0. 

56. Kresse, G.; Furthmüller, J. Efficient Iterative Schemes for Ab Initio Total-Energy Calculations Using a Plane-Wave Basis Set. 

Phys. Rev. B 1996, 54, 11169–11186. https://doi.org/10.1103/PhysRevB.54.11169. 

57. Kresse, G.; Hafner, J. Ab Initio Molecular Dynamics for Liquid Metals. Phys. Rev. B 1993, 47, 558–561. 

https://doi.org/10.1103/PhysRevB.47.558. 

58. Kresse, G.; Hafner, J. Ab Initio Molecular-Dynamics Simulation of the Liquid-Metal-Amorphous-Semiconductor Transition in 

Germanium. Phys. Rev. B 1994, 49, 14251–14269. https://doi.org/10.1103/PhysRevB.49.14251. 

59. Kresse, G.; Hafner, J. Norm-Conserving and Ultrasoft Pseudopotentials for First-Row and Transition Elements. J. Phys. Condens. 

Matter 1994, 6, 8245–8257. https://doi.org/10.1088/0953-8984/6/40/015. 

60. Blöchl, P.E. Projector Augmented-Wave Method. Phys. Rev. B 1994, 50, 17953–17979. https://doi.org/10.1103/PhysRevB.50.17953. 

61. Kresse, G.; Joubert, D. From Ultrasoft Pseudopotentials to the Projector Augmented-Wave Method. Phys. Rev. B 1999, 59, 1758–

1775. https://doi.org/10.1103/PhysRevB.59.1758. 

62. Perdew, J.P.; Burke, K.; Ernzerhof, M. Generalized Gradient Approximation Made Simple. Phys. Rev. Lett. 1997, 77, 3865–3868. 

https://doi.org/10.1103/PhysRevLett.77.3865. 



Materials 2024, 17, x FOR PEER REVIEW 18 of 19 
 

 

63. Perdew, J.P.; Ruzsinszky, A.; Csonka, G.I.; Vydrov, O.A.; Scuseria, G.E.; Constantin, L.A.; Zhou, X.; Burke, K. Erratum: Restoring 

the Density-Gradient Expansion for Exchange in Solids and Surfaces (Physical Review Letters (2008) 100). Phys. Rev. Lett. 2009, 

102, 39902. https://doi.org/10.1103/PhysRevLett.102.039902. 

64. Andolina, C.M.; Williamson, P.; Saidi, W.A. Optimization and Validation of a Deep Learning CuZr Atomistic Potential: Robust 

Applications for Crystalline and Amorphous Phases with near-DFT Accuracy. J. Chem. Phys. 2020, 152, 154701. 

https://doi.org/10.1063/5.0005347. 

65. Zhang, L.; Han, J.; Wang, H.; Saidi, W.A.; Car, R.; Weinan, E. End-to-End Symmetry Preserving Inter-Atomic Potential Energy 

Model for Finite and Extended Systems. Adv. Neural Inf. Process Syst. 2018, 2018, 4436–4446. 

66. Plimpton, S. Fast Parallel Algorithms for Short-Range Molecular Dynamics. J. Comput. Phys. 1995, 117, 1–19. 

https://doi.org/10.1006/jcph.1995.1039. 

67. Togo, A.; Tanaka, I. First Principles Phonon Calculations in Materials Science. Scr. Mater. 2015, 108, 1–5. 

https://doi.org/10.1016/j.scriptamat.2015.07.021. 

68. Togo, A.; Chaput, L.; Tanaka, I.; Hug, G. First-Principles Phonon Calculations of Thermal Expansion in Ti 3SiC2, Ti3AlC2, and 

Ti 3GeC2. Phys. Rev. B—Condens. Matter Mater. Phys. 2010, 81, 174301. https://doi.org/10.1103/PhysRevB.81.174301. 

69. Carreras, A. PhonoLAMMPS. Available online: https://phonolammps.readthedocs.io/ (accessed on 14 November 2023). 

70. ASTM Standard E1269-11R18; Standard Test Method for Determining Specific Heat Capacity by Differential Scanning. Annual 

Book of ASTM Standards. ASTM International: West Conshohocken, PA, USA, 2018; pp 1–6. https://doi.org/10.1520/E1269-

11R18. 

71. Coelho, A.A. TOPAS and TOPAS-Academic: An Optimization Program Integrating Computer Algebra and Crystallographic 

Objects Written in C++: An. J. Appl. Crystallogr. 2018, 51, 210–218. https://doi.org/10.1107/S1600576718000183. 

72. Liddell, K.; Thompson, D.P. X-Ray Diffraction Data for Yttrium Silicates. Br. Ceram. Trans. J. 1986, 85, 17–22. 

73. Dolan, M.D.; Harlan, B.; White, J.S.; Hall, M.; Misture, S.T.; Bancheri, S.C.; Bewlay, B. Structures and Anisotropic Thermal Ex-

pansion of the α, β, γ, and δ Polymorphs of Y2Si2O7. Powder Diffr. 2008, 23, 20–25. https://doi.org/10.1154/1.2825308. 

74. Leonyuk, N.I.; Belokoneva, E.L.; Bocelli, G.; Righi, L.; Shvanskii, E.V.; Henrykhson, R.V.; Kulman, N.V.; Kozhbakhteeva, D.E. 

High-Temperature Crystallization and X-Ray Characterization of Y2SiO5, Y2Si2O7 and LaBSiO5. J. Cryst. Growth 1999, 205, 361–

367. 

75. Smolin, Y.I.; Shepelev, Y.F. The Crystal Structures of the Rare Earth Pyrosilicates. Acta Crystallogr. Sect. B Struct. Crystallogr. 

Cryst. Chem. 1970, 26, 484–492. https://doi.org/10.1107/s0567740870002698. 

76. Fukuda, K.; Matsubara, H. Thermal Expansion of Yttrium Disilicate. J. Am. Ceram. Soc. 2004, 87, 89–92. 

77. Dias, H.W.; Glasser, F.P.; Gunwardane, R.P.; Howie, R.A. The Crystal Structure of δ-Yttrium Pyrosilicate, δ- Y2Si2O7. Zeitschrift 

für Krist—Cryst. Mater. 1990, 191, 117–124. https://doi.org/10.1524/zkri.1990.191.14.117. 

78. Stokes, J. Thermal Expansion Coefficients of Ca2Y8(SiO4)6O2 and Ca2Yb8(SiO4)6O2 Apatite-Type Silicates. 2021. Available 

online: http://www.sti.nasa.gov (accessed on 14 November 2023). 

79. Christensen, A.N.; Hazell, R.G.; Hewat, A.W. Synthesis, Crystal Growth and Structure Investigations of Rare-Earth Disilicates 

and Rare-Earth Oxyapatites. Acta Chem. Scand. 1997, 51, 37–43. https://doi.org/10.3891/acta.chem.scand.51-0037. 

80. Mao, H.; Selleby, M.; Fabrichnaya, O. Thermodynamic Reassessment of the Y2O3-Al2O3-SiO2 System and Its Subsystems. Cal-

phad Comput. Coupling Phase Diagrams Thermochem. 2008, 32, 399–412. https://doi.org/10.1016/j.calphad.2008.03.003. 

81. Luo, Y.; Wang, J.; Li, Y.; Wang, J. Giant Phonon Anharmonicity and Anomalous Pressure Dependence of Lattice Thermal Con-

ductivity in Y2 Si2O7silicate. Sci. Rep. 2016, 6, 29801. https://doi.org/10.1038/srep29801. 

82. Renthlei, Z.; Prasad, M.; Sivakumar, J.; Zuala, L.; Pachuau, L.; Devi, Y.R.; Singh, N.S.; Abdurakhmanov, G.; Laref, A.; Rai, D.P. 

A Thorough Investigation of Electronic, Optical, Mechanical, and Thermodynamic Properties of Stable Glasslike Sodium Ger-

manate under Compressive Hydrostatic Pressure: Ab Initio Study. ACS Omega 2023, 8, 16869–16882. 

https://doi.org/10.1021/acsomega.3c00499. 

83. Ruminy, M.; Valdez, M.N.; Wehinger, B.; Bosak, A.; Adroja, D.T.; Stuhr, U.; Iida, K.; Kamazawa, K.; Pomjakushina, E.; Prabakha-

ran, D.; et al. First-Principles Calculation and Experimental Investigation of Lattice Dynamics in the Rare-Earth Pyrochlores 

R2Ti2 O7 (R=Tb,Dy,Ho). Phys. Rev. B 2016, 93, 214308. https://doi.org/10.1103/PhysRevB.93.214308. 

84. Ding, Z.; Ridley, M.; Deijkers, J.; Liu, N.; Bin Hoque, M.S.; Gaskins, J.; Zebarjadi, M.; Hopkins, P.; Wadley, H.; Opila, E.; et al. 

The Thermal and Mechanical Properties of Hafnium Orthosilicate: Experiments and First-Principles Calculations. Materialia 

2020, 12, 100793. https://doi.org/10.1016/j.mtla.2020.100793. 

85. Lai, K.; Wang, Y. Ph3pyWF: An Automated Workflow Software Package for Ceramic Lattice Thermal Conductivity Calculation. 

arXiv 2023, arXiv:2302.11641. 

86. Sun, Z.; Zhou, Y.; Wang, J.; Li, M. Thermal Properties and Thermal Shock Resistance of γ-Y 2Si2O7. J. Am. Ceram. Soc. 2008, 91, 

2623–2629. https://doi.org/10.1111/j.1551-2916.2008.02470.x. 

87. Cordfunke, E.H.P.; Booij, A.S.; Van Der Laan, R.R. The Thermochemical Properties of Y2Si2O7 and Dy2Si2O7. J. Chem. Thermo-

dyn. 1998, 30, 199–205. https://doi.org/10.1006/jcht.1997.0291. 

88. Fabrichnaya, O.; Seifert, H.J.; Ludwig, T.; Aldinger, F.; Navrotsky, A. The Assessment of Thermodynamic Parameters in the 

Al2O3-Y2O3 System and Phase Relations in the Y-Al-O System. Scand. J. Metall. 2001, 30, 175–183. https://doi.org/10.1034/j.1600-

0692.2001.300308.x. 

89. Kolitsch, U. On the Constitution of the Systems of Rare Earths, Yttria, and Scandia with SiO2, Al2O3, and MgO. Diploma Thesis, 

University of Stuttgart, Stuttgart, Germany, 1992. 



Materials 2024, 17, x FOR PEER REVIEW 19 of 19 
 

 

90. Aparicio, M.; Durán, A. Yttrium Silicate Coatings for Oxidation Protection of Carbon-Silicon Carbide Composites. J. Am. Ceram. 

Soc. 2000, 83, 1351–1355. https://doi.org/10.1111/j.1151-2916.2000.tb01392.x. 

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual au-

thor(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to 

people or property resulting from any ideas, methods, instructions or products referred to in the content. 


